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IoT, broadly 
Value	Approach	

Dirk	Didascalou,	VP	AWS	IoT:	

	

If	you	knew	the	state	of	every	thing	in	the	
world,	and	could	reason	on	top	of	the	data:		

What	problems	would	you	solve?	



Levels	of	Cost	and	Maturity	



JPL	IoT:	A	Wide	Spectrum	



Spacecra7:	Megasystems	of	Sensors	

• Measure	global	soil	moisture	
•  3,857	Telemetry	Channels	
•  Power,	CPU,	Telecom,	Radia1on,	
Temperature,	etc.	

•  1	TB/day	
•  Near	real-1me	processing	
•  Custom	(limited	prior	knowledge)	
•  Complex	rela1onships	

SMAP	



Telemetry	Anomaly	Detec:on	
An	Easy	Sell	

•  SMAP	cost:	$915M	
• Curiosity	cost:	$2.5B	

	

• Harsh	environment	
• Repairs	are	difficult	
•  Public	percep1on	



Data	Infrastructure	

Credit:	Dan	Isla,	Connor	Francis	



Towards	Reasoning	
Flexibility,	Ease	of	Access,	Foolproofing	



Machine	Learning	Considera:ons	
Speed	and	Scale	

•  Speed	
•  SMAP	–	real-1me	
•  MSL	(Curiosity)	–	3x/day	

•  Scale	
•  ~	3.5B	values	
•  ~	1M	values	per	channel	
•  Does	every	value	ma`er?	
•  Redundancy?	
•  Importance?	
•  Aggrega1ons?	



Machine	Learning	Considera:ons	
Expert	Systems?	

•  Leverage	subject	ma`er	
experts	
• Parameters,	limits,	feature	
crea1on	

• Challenges	
•  Accuracy	
•  Completeness	
•  Time	
•  Custom	

• Valida1on,	not	development	



Machine	Learning	Considera:ons	
Complexity	



Machine	Learning	Considera:ons	
Complexity	



Machine	Learning	Considera:ons	
Performance	and	Interpretability	

Deep	Learning	-	LSTMs	



Machine	Learning	Considera:ons	
Model	comparisons	based	on	data	size	

Dataset	Size	

Model	
Complexity	

(Zhang,	Zhao,	LeCun	2015)	



Machine	Learning	Considera:ons	
Performance	and	Interpretability	

(Fujimaki,	Yairi,	and	Machida,	2005)	

Kernel	PCA	



Machine	Learning	Considera:ons	
Performance	and	Interpretability	

K-Means	Clustering	

•  Assump1ons	of	normality?	
•  Limited	interpretability	
•  Less	expensive	
•  Decisions	
•  Number	of	clusters	
•  Distance	threshold	



Achieving	Balance	–	Scien:fic	Rigor	versus	Value	

•  Be	pa1ent	and	thorough	
•  Communica1on	
•  Good	enough	
•  Give	and	take	-	add	value	along	the	way	



JPL	IoT:	



Leveraging	the	Consumer	Space	
Crea1ve	Possibili1es	

Arduino	

Raspberry	Pi	
Phillips	Hue	

Amazon	Echo	

AWS	IoT	



Makoto	Koike,	IoT	Hero	
Cucumber	Sor1ng	

“Makoto	started	helping	out	at	his		
parents’	cucumber	farm,	and	was		
amazed	by	the	amount	of	work	it	
takes	to	sort	cucumbers	by	size,		
shape,	color,	and	other	a`ributes.”	

h`ps://cloud.google.com/blog/big-data/2016/08/how-a-japanese-cucumber-farmer-is-using-deep-learning-and-tensorflow	



Cucumber	Sorter	

h`ps://cloud.google.com/blog/big-data/2016/08/how-a-japanese-cucumber-farmer-is-using-deep-learning-and-tensorflow	



Rov-E	
Robo1c	Ambassador	

h`ps://youtu.be/QcqSHLw4hTE?t=46m40s		



Space	Problems	
Maximizing	U1liza1on	

	
Raspberry	Pi	2	-	$30	

Mo1on	Sensor	-	$4	 WiFi	Adapter	-	$9	

DynamoDB	
25GB,	2.5M	reads	free	



FacSearch	
Visualiza1on	and	Integra1on	Plasorm	for	Facili1es	and	IoT	Data	

h`ps://github.com/khundman/FacSearch	
	



FacSearch	
Data	Visualiza1on	and	Integra1on	Plasorm	for	Facili1es	



FacSearch	
Data	Visualiza1on	and	Integra1on	Plasorm	for	Facili1es	



Extend	Situa:onal	Awareness	

•  Firewall	a`acks	
• Acronyms	
• Remedy	1ckets	
•  Safety	
• Rov-E	
• Mars	Alexa	



Device	Network	
Addressing	Security	Concerns	




